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1. Introduction

The present thesis consists of this overview part and the four accompanying
publications. The main scientific findings of this thesis have been reported in
detail within the attached publications. The purpose of this short overview is to
give a brief, general introduction to the research area and also to outline some
of the main findings of the publications.

This thesis belongs to the research field of applied computational fluid dy-
namics (CFD). In particular, the research focus is on utilization of existing
state-of-the-art CFD modeling and mathematical optimization methods for very
large and multiscale design optimization problems. The application under study
is the recovery boiler, which is an integral part of the kraft pulping process.

1.1 Background and Motivation

The kraft pulping process is the most widely used method for producing pulp. The
global production of kraft pulp is approximately 130 million air dry tonnes per
year, which accounts for approximately 80% of the global wood pulp production
[1]. Due to the projected economic growth and increase in demand, especially
in the emerging markets, it is expected that the production of kraft pulp will
increase by approximately 1% per year on average [1].

Figure 1.1 shows the main steps in the kraft pulping process. In the cooking
step, the wood chips are treated with a strongly alkaline solution of sodium
hydroxide (NaOH) and sodium sulfide (Na2S), which is called white liquor. The
white liquor dissolves the binding agent of the wood, lignin, which releases the
wood fibers. The fibers are washed to separate as much of the cooking chemicals
and dissolved organic material from them as possible. The washed pulp can be
used for making pulp products or it can be further processed to produce market
pulp.

After the cooking and washing steps, the remaining liquid contains the cooking
chemicals in reacted form, as sodium carbonate (Na2CO3) and sodium sulfate
(Na2SO4) in simplified form, along with the lignin and other organic compounds
separated from the wood. However, there is contained also numerous other
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Figure 1.1. Main steps in the kraft pulping process.

inorganic species partly binded to organic constituents. This liquid is called weak
black liquor and its dry solids content is approximately 15% [2]. A significant
amount of water is removed from the weak black liquor in the evaporation step
and its dry solids content is raised to approximately 65–85% [2]. At this point,
the liquid is called black liquor (or strong black liquor).

Black liquor is combusted in the recovery boiler. The main purpose of the
recovery boiler is to recover the cooking chemicals and to reduce the sodium
sulfate (Na2SO4) into sodium sulfide (Na2S). The chemicals are recovered from
the furnace as a molten salt mixture, called smelt. In addition, the combustion
of the organic portion of black liquor releases a significant amount of heat.
Accordingly, the second purpose of the recovery boiler is to produce high-pressure
steam for heat and power generation.

After the recovery boiler, when the smelt is mixed with water in the dissolving
tank, the resulting liquid is called green liquor and it contains sodium carbonate
(Na2CO3) and sodium sulfide (Na2S). In the causticizing step, calcium oxide
(CaO) is utilized to convert the sodium carbonate (Na2CO3) in the green liquor
into sodium hydroxide (NaOH). The resulting liquid is white liquor, which
contains the cooking chemicals in the active form, as sodium hydroxide (NaOH)
and sodium sulfide (Na2S). The reactions in the causticizing step produce calcium
carbonate (CaCO3), which is regenerated by lime reburning where it reacts back
into calcium oxide (CaO).

Two important factors, among others, are identified as driving forces in the de-
velopment of recovery boilers at present. The first factor is the increasing trend
in the capacity of new pulp mills, which is shown in Figure 1.2. It is considered
that this trend is mostly driven by the economies of scale, i.e., costs per unit of
output generally decrease as the total amount of output increases. Single-line
pulp mills, where there is only a single unit of each main equipment, are typi-
cally preferred because of cost-efficiency. Therefore, there is also a corresponding
increasing trend in the capacity of new recovery boilers (Figure 1.2). At present,
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the capacity of a new recovery boiler is on average approximately 4 000 tds/d
(tonnes of dry solids per day), while the capacity of the largest recovery boiler
in operation is 12 000 tds/d. It seems that the increasing trend in capacity can
continue in the future, and therefore there is a need to develop even larger,
higher-capacity recovery boilers than what exist at present time.

Figure 1.2. Development of pulp mill capacity and recovery boiler capacity as functions of the
start-up year. The capacities are in air dry tonnes per day (ADt/d) and tonnes of dry
solids per day (tds/d). Note that there can be inaccuracies in the data points due to
such factors as rebuilds, upgrades, and shutdowns. Courtesy of Andritz.

The second factor is the present global focus on energy generation from re-
newable sources, which is due to the considerable attention and determined
goals regarding the mitigation of climate change [3]. Black liquor is considered
a renewable biomass fuel, because its combustible part originates from wood,
and thus recovery boilers are an important source of renewable energy. The
production of one tonne of air dry pulp produces approximately one and a half
tonnes of dry black liquor solids [4]. Therefore, based on the global production of
pulp [1], 195 million tonnes of dry black liquor solids are combusted in recovery
boilers every year. Assuming a typical higher heating value of 13.5 MJ/kg for
the dry black liquor solids [4], this is 731 TWh per year in terms of energy.
Most of the energy generated in the recovery boilers is utilized for the process
purposes of the pulp mills, but especially modern units generate substantial
amounts of additional energy, which can be utilized for supplying electricity
to the power grid. As an example, in Finland in 2016, 8% of total electricity
and 18% of renewable electricity was produced by black liquor combustion in
recovery boilers [5]. Therefore, the traditional role of the recovery boilers as
chemical recovery units is changing, and focus is shifting toward simultaneously
maximizing the generation of renewable energy.
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1.2 Recovery Boiler

The recovery boiler and its main processes are described below, mostly following
Vakkilainen [4] and Adams et al. [2]. Figure 1.3a shows a modern, high-capacity
recovery boiler. The boiler consists of two main sections, a furnace section
and a heat transfer section, which are separated by a narrower part, typically
called the nose. The main purpose of the furnace section is to accommodate the
combustion of the black liquor fuel. However, approximately 30–40% of the heat
transfer from the hot flue gas to steam production takes place in the furnace,
to the boiler walls. The purpose of the heat transfer section is to capture the
remaining heat in the flue gas for the production of superheated steam.

Figure 1.3. a) Modern, high-capacity recovery boiler with its most important features named.
b) Arrangement of the superheater platens, which are spaced across the width of the
furnace [2].

The roles of the various heat transfer surfaces can be understood by considering
the three-stage water-steam circulation process in the boiler: 1) The water is
heated close to its saturation temperature in the economizers. 2) The water
is boiled into steam in the boiling surfaces, which include the boiler walls,
screens, and boiler bank. 3) The steam is heated to a high temperature in the
superheaters, which can be considered as a group of heat exchangers connected
in series. Each superheater consists of a row of platens spaced across the width
of the furnace (Figure 1.3b). Finally, the steam exits the recovery boiler and
enters the turbine, where it is used to generate electricity.

Figure 1.4a shows the main processes in the recovery boiler furnace. The
combustion air and black liquor fuel are introduced into the furnace separately.
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The combustion air is typically introduced from three main elevations. Two
levels, primary and secondary air, are located below the black liquor nozzles.
The final level, tertiary air, is located above the black liquor nozzles. The
secondary and tertiary air levels can be further divided into a number of sub-
levels (typically two). The black liquor is sprayed into the furnace as relatively
coarse droplets, with their mass median diameter being typically between 2–
10 mm [6, 7]. Ideally, the black liquor droplets should undergo drying and
devolatilization in-flight and thereafter land on the char bed, which is located at
the bottom of the furnace. The target is that the carbon and inorganic material
in the black liquor char are delivered on the char bed along with as little water
as possible.

Figure 1.4. a) Main processes in the recovery boiler furnace [4]. b) Combustion stages of a black
liquor droplet [8].

Black liquor is a char-forming liquid fuel, and it undergoes similar combustion
stages as conventional solid fuels: drying, devolatilization, and char combustion
(Figure 1.4b). In the drying stage, the water in black liquor evaporates and
the droplets undergo initial swelling (diameter swelling factor ∼1.5). In the
devolatilization stage, combustible gas-phase volatiles are released and the
droplets undergo significant additional swelling (diameter swelling factor ∼2–3).
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The released volatiles continue reacting in the gas phase with oxygen. In
addition, the release of sulfur into gas phase takes place at this stage [9]. In the
char combustion stage, the organic carbon in the solid char undergoes thermal
conversion. The thermal conversion occurs via combustion reactions with oxygen
and gasification reactions with carbon dioxide and water vapor. Additionally,
the release of sodium into gas phase takes place at this stage [9].

After char combustion, the remaining inorganic material forms a molten salt
mixture, called smelt, which flows to the bottom of the char bed. When the
temperature is high enough, the sodium sulfate (Na2SO4) in the smelt reacts
with organic char carbon to form sodium sulfide (Na2S). The smelt, ideally
containing sodium carbonate (Na2CO3) and sodium sulfide (Na2S), is recovered
from the furnace through smelt spouts and dissolved in water to form green
liquor.

1.3 CFD Modeling and Mathematical Optimization of Recovery
Boilers

Computational fluid dynamics (CFD) is a mathematical method for modeling
systems involving fluid flow. The basis of CFD is the solution of the Navier-
Stokes equations. Additional physical and chemical processes, such as heat
transfer and combustion, can be incorporated into the solution by including
additional transport equations and source terms. The equations are discretized
and solved in an iterative fashion using a computer, typically requiring several
hours or even days for convergence.

CFD modeling can be considered to be an established research tool for studying
recovery boilers. CFD modeling of recovery boilers was pioneered approximately
30 years ago when several research groups independently developed the first
comprehensive CFD models for recovery boilers [10–16]. The first CFD models
focusing on the superheater region were also published around that time [17–19].

Table 1.1 summarizes the relevant recent research related to CFD modeling of
recovery boilers. Most of the recent research has been connected to the furnace.
The main topics have been the combustion of black liquor [20, 21], furnace
processes and combustion [22–24], char bed processes [25–28], fume formation
and emissions [29–31], and injection of combustion air [32,33]. Another focal
research area has been the superheater region. The main topics have been the
flow field and heat transfer [34], and fume formation and deposition [35–43].
Most of the previous studies in CFD modeling of recovery boilers have utilized
the steady-state Reynolds-averaged Navier-Stokes (RANS) approach and solvers
based on the finite volume method (FVM).

Several researchers have also published data measured from recovery boilers
and contributed to validation work of the CFD models [23, 24, 28, 34, 46–48].
However, the amount of published measurement data and validation work
of recovery boiler CFD models is limited, since full-scale measurements on a
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Table 1.1. Previous recent research in CFD modeling of recovery boilers. The studies have been
divided into two main areas of focus: 1) furnace and 2) superheater region.

Authors Main focus

Furnace

Järvinen et al. [20,21] Developing detailed and CFD-applicable droplet combustion models, compari-
son to measurements

Mueller et al. [22] Effects of liquor-to-liquor differences on the combustion and furnace processes

Engblom et al. [25] Developing a model for the dynamic shape of the char bed

Brink et al. [29] Modeling NOx formation, effects of droplet size

Li et al. [44,45] Developing thermal boundary conditions for slagging deposits, application to
furnace walls, comparison to measurements

Bergroth et al. [26] Developing a model for the combustion processes on the char bed

Engblom et al. [27,28] Effects of droplet size and char bed shape on the combustion and char bed pro-
cesses, modeling the dynamic evolution of the char bed, comparison to mea-
surements

Miikkulainen et al. [23] Validation work of a furnace model, comparison to measurements

Chen et al. [32] Effects of various secondary air injection schemes

Ferreira et al. [33] Effects of various tertiary and quaternary air injection schemes

Engblom et al. [24] Effects of load and spraying on asymmetric furnace temperatures, comparison
to measurements

Leppänen et al. [30] Modeling fume formation in the furnace

Jukola et al. [31] Modeling sodium release from the black liquor char

Superheater region

Wessel and Baxter [35] Modeling fume formation and deposition in the heat transfer section

Saviharju et al. [34] Modeling flow field and heat transfer in the superheater region, comparison to
measurements

Li et al. [36] Modeling slagging deposits on superheater tubes

Leppänen et al. [37,38] Modeling fume formation and deposition in the superheater region, compari-
son to measurements

Leppänen et al. [39,40] Effects of flue gas temperature, deposit temperature, and amounts of ash-
forming elements on fume formation and deposition in the superheater region

García Pérez et al. [41–43] Developing a detailed model for predicting deposition rates and shapes, appli-
cation to the boiler bank region

recovery boiler are extremely challenging and time consuming.
Optimization is an important topic in many applications where CFD modeling

is utilized. For example, in aircraft design the shape of the wings needs to be
optimized to maximize lift and to minimize drag. Optimization can be defined
as finding a solution which makes the inspected system as good as possible
while satisfying the prevailing constraints. Various optimization methods and
algorithms can be utilized for achieving this goal. However, possibly the most
commonly used method for "optimization" is trial-and-error, where a limited
number of designs are studied and the best one is chosen as the "optimal"
solution. This method does not guarantee an improved design, let alone the best
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one possible, and therefore it cannot be considered actual optimization.
When a CFD model is coupled with an optimization algorithm, the resulting

method is called CFD-optimization. CFD-optimization can be considered to be
the state-of-the-art method for complex optimization problems related to fluid
flow [49]. The first CFD-optimization methods were developed for aerodynamic
shape optimization over 40 years ago [50–52]. Since then, the field has pro-
gressed substantially and several types of algorithms have been developed, such
as gradient-based methods, one-shot methods, gradient-free (stochastic) meth-
ods, hybrid methods, and surrogate-based methods [49,53–56]. Considering the
large number of recent publications, CFD-optimization is a rapidly developing
research topic in the field of energy [57–62]. However, there exist only few
previous studies in which CFD-optimization has been utilized in connection to
large-scale combustion applications, such as boilers and furnaces.

Table 1.2 summarizes the most relevant previous studies related to CFD-
optimization of large-scale combustion applications. The previous studies have
been related to coal-fired boilers [63,64], biomass-fired or co-fired boilers [65–68],
and aluminum furnaces [69,70]. The main focus in many of these studies was
the minimization of NOx emissions [63,65–67]. To the author’s knowledge, CFD-
optimization has not been utilized before the present research in the context of
recovery boilers.

Table 1.2. Previous research in CFD-optimization of large-scale combustion applications.

Authors Application Main focus Optimization method

Risio et al. [63] Coal-fired boiler Minimize NOx and
unburned carbon
emissions

CFD and genetic algo-
rithm

Tan et al. [65] Co-fired pilot-scale fur-
nace

Minimize NOx, CO,
and unburned carbon
emissions

CFD, artificial neural
networks, and genetic
algorithm

Saario et al. [66] Biomass-fired boiler Minimize NOx emis-
sions

CFD and genetic algo-
rithm

Saario and Oksanen [67] Biomass-fired boiler Minimize NOx and
NH3 emissions

CFD, genetic algo-
rithm, and Powell’s
method

Wang et al. [69] Aluminum melting fur-
nace

Minimize variation of
aluminum tempera-
ture, melting time, and
furnace temperature

CFD and Taguchi
method

Shiehnejadhesar et al. [68] Biomass-fired pilot-
scale furnace

Minimize CO emissions
and pressure loss

CFD and weight func-
tion method

Liu and Bansal [64] Coal-fired boiler Maximize heat transfer
rate and minimize slag-
ging

CFD and genetic algo-
rithm

Wang et al. [70] Aluminum holding fur-
nace

Minimize energy con-
sumption and variation
of aluminum tempera-
ture

CFD, response surface
method, and uniform
design method
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1.4 Objectives and Scope

The objective of this research was to utilize state-of-the-art CFD modeling and
optimization methods to bring new understanding to the complex physical and
chemical processes inside recovery boilers. With the help of these methods,
effects of various design choices on these processes were systematically and
quantitatively investigated for the first time. In addition, one of the specific
objectives of this thesis was to study which methods would be the most suitable
for CFD-based optimization of large-scale applications.

Figure 1.5 summarizes the topics and relationships of the attached publi-
cations. Publications I and II focus on the combustion performance in the
furnace. Publications III and IV focus on the flow field and heat transfer in the
superheater region.

Figure 1.5. Summary of the topics and relationships of the attached publications. Publications I
and II focus on the combustion performance in the furnace. Publications III and IV
focus on the flow field and heat transfer in the superheater region.

In Publication I, the effects of the furnace dimensions on the combustion
performance were studied. The research was approached by formulating a
multi-objective optimization case, which was solved by utilizing a furnace CFD
model coupled with a surrogate-based analysis and optimization framework. As
a result of the optimization, a set of Pareto-optimal geometries was obtained,
of which one was selected to be proposed as an improved furnace design. The
selected optimal design was analyzed in detail to investigate the reasons for the
improved combustion performance.

In Publication II, the main objective was to study the effects of the jet velocity
and number of jet openings on the performance of the secondary air jet system.
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In addition, the effects of the brake jets and number of jet levels were studied.
The performance of the secondary air system was quantified in terms of mixing,
penetration, and uniformity of the vertical velocity field. The approach was to
utilize CFD modeling to systematically study numerous jet arrangements in a
simplified furnace geometry. Based on the results, the effects of the design pa-
rameters on the objectives were discussed both quantitatively and qualitatively,
and several implications for the optimal design of the secondary air system were
formulated.

In Publication III, the effects of the superheater region geometry on the
flow field and heat transfer were studied. The research was approached by
formulating a single-objective optimization case, which was solved using a
superheater region CFD model coupled with a surrogate-based analysis and
optimization framework. As a result of the optimization, a single optimal design
was obtained and proposed as an improved design. The connection between the
design variables and the heat transfer rate to the superheaters was analyzed
and quantified with a response surface method. The CFD results were analyzed
in detail to explain the physical mechanisms for the performance improvements
and the linkage between the geometry, flow field, and heat transfer.

In Publication IV, the main objective was to simulate the complex three-
dimensional flow and heat transfer phenomena in the superheater region. The
approach was to introduce a new fully three-dimensional CFD model. In addition,
two sets of full-scale measurements were reported from the the recovery boiler
superheater region. The results of the CFD model were verified computationally
and validated with the experimental data. The results were utilized to study
the three-dimensional flow and heat transfer phenomena and to demonstrate
the added-value of the three-dimensional results.

It is pointed out that the development of new modeling and optimization meth-
ods as such was considered to be out of the scope of this research. However, the
utilized methods are state-of-the-art, many of which have not been implemented
before in the context of recovery boilers or other large-scale combustion applica-
tions. In addition, the modeling and optimization methods are combined in a
novel fashion, which is done for the first time in the context of recovery boilers
in this doctoral thesis. There exist only few similar research studies in the field
of large-scale combustion applications.

1.5 Outline

The rest of this thesis is organized as follows. In Chapter 2, an overview of
the theory and methods that are considered in this research is presented. In
Chapter 3, summaries of the publications along with their main results are
given. In Chapter 4, a summary and scientific contributions of the thesis are
presented. In addition, limitations and future directions are discussed. The
main part of this thesis is contained in the attached Publications I–IV.
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2. Theory and Methods

This chapter provides an overview of the theory and methods that are considered
in this research. The specific methods and their details are presented in the
accompanying publications.

2.1 Computational Fluid Dynamics

2.1.1 Governing Equations

The fundamental governing equations of fluid flow form the basis of compu-
tational fluid dynamics (CFD). The governing equations for mass continuity,
momentum, turbulence, species, energy, and radiation are presented in the
following, mostly according to Poinsot and Veynante [71], Wilcox [72], and
Howell et al. [73]. The equations are considered in the Reynolds-averaged,
steady-state form and incompressible flow is assumed. Tensor notation is uti-
lized.

The mass continuity equation is

∂ρu j

∂xj
= Sm (2.1)

where ρ is the density, u j are the components of velocity, and Sm is the mass
source term.

The steady-state Navier-Stokes momentum equations are

∂ρu jui

∂xj
= ∂

∂xj

(
μeff

(
∂ui

∂xj
+ ∂u j

∂xi

))
− ∂p
∂xi

− 2
3
∂ρk
∂xi

+ρgi + f i for i = 1,2,3

(2.2)

where μeff is the effective viscosity, p is the pressure, k is the turbulence kinetic
energy, gi is the gravitational acceleration in the xi-direction, and f i are the
other body forces in the xi-direction. The effective viscosity is defined as μeff =
μ+μt, where μ is the dynamic viscosity and μt is the turbulent viscosity.
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The momentum equations are closed using a turbulence model. In the k-ε
model [74], which is one of the most commonly used turbulence models, the
following equations for the turbulent viscosity μt, turbulence kinetic energy k,
and turbulence dissipation rate ε are considered

μt = ρCμ
k2

ε
(2.3)

∂ρku j

∂xj
= ∂

∂xj

((
μ+ μt

σk

)
∂k
∂xj

)
+2μtSi jSi j − g j

μt

ρPrt

∂ρ

∂xj
(2.4)

∂ρεu j

∂xj
= ∂

∂xj

((
μ+ μt

σε

)
∂ε

∂xj

)
+C1ε

ε

k

(
2μtSi jSi j −C3εg j

μt

ρPrt

∂ρ

∂xj

)

−C2ερ
ε2

k

(2.5)

where Si j = 1
2 ( u j

∂xi
+ ui

∂xj
) is the mean strain rate tensor. Prt is the turbulent

Prandtl number, which is discussed below in connection to Equation (2.13). The
σk, σε, C1ε, C2ε, C3ε, and Cμ are model constants.

The transport equations for the N species are

∂ρu jYn

∂xj
= ∂

∂xj

(
ρDeff,n

∂Yn

∂xj

)
+Sr,n +Ss,n for n = 1,2, ..., N species (2.6)

where Yn is the mass fraction of species n. Deff,n is the effective species diffu-
sivity, Sr,n is the source term from chemical reactions, and Ss,n is the source
term from other species sources. The effective species diffusivity is defined as
Deff,n = Dn+Dt,n, where Dn is the molecular diffusivity and Dt =μt/(ρSct) is the
turbulent diffusivity. Sct is the turbulent Schmidt number, for which the value
of 0.7 is typically utilized.

The species sources from chemical reactions Sr,n in Equation (2.6) provide
the link between the fluid dynamics and chemistry. Chemical reactions can be
modeled as follows

N∑
n=1

ν′n,rMn
kr→

N∑
n=1

ν′′n,rMn for r = 1,2, ...,R reactions (2.7)

where ν′n,r are the stoichiometric coefficients of the reactant species, ν′′n,r are the
stoichiometric coefficients of the product species, Mn are the chemical species,
and kr are the rate constants. The subscripts n and r refer to the N species and
R reactions, respectively.

The overall reaction rates in combustion are typically controlled mainly by
turbulent mixing. However, in general the reaction rates can be limited by
either mixing or kinetics. The rate of production of species n in reaction r due to
turbulent mixing Rt

n,r can be modeled with the eddy-dissipation model [75]

Rt
n,r = ν′n,rMw,n Aρ

ε

k
min

(
min

R

(
YR

ν′
R,rMw,R

)
, B

∑
P YP∑N

n=1ν
′′
n,rMw,n

)
(2.8)
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where Mw,n is the molecular weight of species n, R refers to the reactant species,
P refers to the product species, and A and B are empirical constants.

The rate of production of species n in reaction r due to kinetics Rk
n,r can be

obtained from

Rk
n,r = Mw,n(ν′′n,r −ν′n,r)

(
kr

N∏
n=1

[cn,r](η′n,r+η′′n,r)

)
(2.9)

where cn,r are the molar concentrations of the species, η′n,r are the rate exponents
of the reactant species, and η′′n,r are the rate exponents of the product species.
η′′n,r are typically zero, because product species do not generally affect forward
reaction rates.

The rate constants kr are calculated from Arrhenius-type expressions

kr = ArTβr e−Er /RT (2.10)

where Ar is the pre-exponential factor, βr is the temperature exponent, Er is
the activation energy, R is the universal gas constant, and T is the temperature.

Finally, the rate of production in reaction r can be obtained as a minimum of
the turbulent and kinetic rates of production

Rn,r =min(Rt
n,r,Rk

n,r) (2.11)

and the source term from chemical reactions Sr,n in Equation (2.6) is obtained
by summing the production rates of the reactions

Sr,n =
R∑

r=1
Rn,r (2.12)

The energy equation is

∂ρu jh
∂xj

= ∂

∂xj

(
λeff

∂T
∂xj

−
N∑

n=1
hnJn, j

)
+Sc +Srad (2.13)

where h is the sensible enthalpy, λeff is the effective thermal conductivity, T
is the temperature, hn is the sensible enthalpy of species n, Jn, j =−ρDeff,n

∂Yn
∂xj

is the diffusion flux of species n in the xj-direction, Sc is the source term from
chemical reactions, and Srad is the source term from radiation. The effective
thermal conductivity is defined as λeff =λ+λt, where λ is the molecular thermal
conductivity and λt = cpμt/Prt is the turbulent thermal conductivity. Prt is the
turbulent Prandtl number, for which the value of 0.85 is typically utilized.

The density ρ can be defined using the ideal gas law

ρ = pop

RT

(
N∑

n=1

Yn

Mw,n

)−1

(2.14)

where pop is the operating pressure and R is the universal gas constant.
The sensible enthalpy h is connected to the temperature T via the following

equation

h =
∫T

T0

(
N∑

n=1
cp,nYn

)
dT (2.15)
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where T0 is a reference temperature and cp,n is the specific heat of species n at
constant pressure.

Srad in Equation (2.13) is obtained as the negative divergence of the radiation
heat flux vector qrad from the following equation

Srad =−∂qrad, j

∂xj
=

∫∞

λ=0
κλ

(∫4π

Ωi=0
Iλ dΩi

)
dλ

−4π
∫∞

λ=0
κλIλb dλ

(2.16)

where qrad, j is the component of the radiation heat flux vector in the xj-direction,
λ is the wavelength, κλ is the absorption coefficient, Ωi is the incident solid
angle, Iλ is the radiation intensity, and Iλb is the blackbody radiation intensity.
The local radiation intensity Iλ is solved from the radiative transfer equation:

dIλ
dS

=−(κλ+σs,λ)Iλ+κλIλb +
σs,λ

4π

∫4π

Ωi=0
IλΦλ dΩi (2.17)

where S is the coordinate along the path of radiation, σs,λ is the scattering
coefficient, and Φλ is the scattering phase function.

The numerical solution of Equation (2.17) requires special consideration [73].
First, the scattering term (last term on the right-hand side) couples the ra-
diation intensity propagating in a given direction with those propagating in
other directions. Second, the spectral character of thermal radiation would
in principle require the solution of Equation (2.17) at each wavelength of the
electromagnetic spectrum. In the present thesis, the radiative transfer was
solved with the P1 method [76] in Publication I and with the DO method [77] in
Publications III and IV. The spectral character was approximated with constant
properties in Publication I, with the weighted sum of gray gases method [78,79]
in Publication III, and with the non-gray weighted sum of gray gases method
with five wavelength bands [80] in Publication IV.

Droplet-forming liquid fuels, such as black liquor, can be modeled with the
Lagrangian particle tracking (LPT) approach, which considers the droplets as
discrete particles. The LPT model tracks the trajectories of the fuel droplets in
the computational domain and handles the coupling between the continuous
and discrete phases. The droplets can undergo the typical stages of combustion:
drying, devolatilization, char combustion, and ash formation. The physical and
chemical processes of the particles are connected to the continuous phase via the
source terms in the governing equations. These models are described in detail
in Kjäldman [81] and Järvinen [82].

2.1.2 Numerical Methods

The governing equations cannot in general be solved analytically, therefore
numerical methods are utilized for obtaining an approximate solution. The
governing equations are discretized in order to approximate the continuous
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equations by a system of discrete, algebraic equations. In these algebraic equa-
tions, the values of the variables are expressed in discrete locations in space and
time. The numerical grid defines the locations of the discrete solution points.
The resulting system of nonlinear algebraic equations is solved by an iterative
procedure.

In the present research, the governing equations were solved using a commer-
cial CFD solver, Ansys Fluent, which is based on the finite volume method [83].
In all of the equations, the convective terms were discretized using the second-
order upwind scheme and the diffusive terms using the second-order central
scheme [83]. A pressure-based solution method was used, and the pressure-
velocity coupling was implemented with the segregated SIMPLE scheme [84].
The computational grids were generated using the Ansys Meshing and ICEM
programs.

2.1.3 Evaluation of Numerical Errors

Numerical solutions can in general only approximate real-world phenomena. In
this context, error is defined as the difference between the numerical solution
and the real world. The errors in a numerical solution can be divided into three
main categories: modeling error, discretization error, and iteration error. In
addition to these, there can be user and programming errors, which are not
considered here.

In the present research, the following methods of error evaluation were utilized.
In all Publications, iteration error was minimized and convergence ensured by
continuing the iterations until the norm of the residuals had decreased by
several orders of magnitude and in addition the values of the main solved
quantities had ceased varying as functions of iterations. In the optimization
studies (Publications I and III), initial simulations were used in addition for
selecting an appropriate number of minimum iterations. In all Publications,
discretization error was estimated with the grid convergence index method
(GCI) [85], which involved comparing the solutions on 2–5 systematically refined
grids. Modeling error was estimated by comparing the numerical solutions to
experimental data, when it was available (Publication IV).

Finally, it is noted that the evaluation of numerical errors is especially impor-
tant in CFD-optimization studies. Small numerical errors can shift the location
of the optimum in the design space from its true location, which is typically not
considered to be a problem if the deviation is small. However, larger numerical
errors can affect the overall shape of the predicted objective function. In this
case, the CFD-optimization can converge to a local or even a completely false
optimum. The acceptable level of numerical error is dependent on the prob-
lem under consideration [86, 87]. The sensitivity to numerical errors can be
significantly reduced with a smoothing surrogate model [87,88].
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2.2 Optimization

This section gives an introduction to optimization and thereafter briefly presents
the optimization methods that have been used in this research. Optimization
can be defined as finding a solution which makes the inspected system as good
as possible while satisfying the prevailing constraints. Following Deb [89], a
general mathematical definition can be given as

min/max f i(x) i = 1,2, ..., I

subject to g j(x)≥ 0 j = 1,2, ..., J

hk(x)= 0 k = 1,2, ...,K

xmin
l ≤ xl ≤ xmax

l l = 1,2, ...,L

(2.18)

where f i(x) are objective functions, g j(x) are inequality constraint functions,
hk(x) are equality constraint functions, and xl are design variables. The design
variables xl comprise the design point vector x. xmin

l and xmax
l are the lower

and upper bounds of the design variables, respectively.
Optimization problems are typically categorized into single-objective and multi-

objective problems. In single-objective problems, there is also a single optimal
solution. In multi-objective problems, when the objectives are conflicting with
each other, as is typically the case, the optimal solutions form a set of Pareto-
optimal points (Figure 2.1). The points in the Pareto set have the quality that
none of the objective functions can be improved in value without worsening
the other objective functions in value. That is, following Miettinen [90] and
assuming a minimization problem, a point x∗ is optimal if and only if there does
not exist another point x such that

f i(x)≤ f i(x∗) for all i = 1,2, ..., I

f i(x)< f i(x∗) for at least one i = 1,2, ..., I
(2.19)

Figure 2.1. Concept of Pareto-optimality. Minimization of both objective functions is assumed.

There exist numerous solution methods for optimization problems, each having
their own advantages and disadvantages. In general, no single method can be
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claimed to be superior to the others in all types of optimization problems [91,92].
Extensive descriptions of various optimization methods are given in Nocedal
and Wright [93], Miettinen [90], and Schneider and Kirkpatrick [94].

Stochastic optimization methods, which utilize random variables in the opti-
mization process, have been widely used in CFD-optimization [58–60, 62–67].
Their main advantages are considered to be the following: 1) they can easily use
both discrete and continuous variables, and can handle non-linear, non-convex,
and non-continuous objective functions, as well as both single-objective and
multi-objective problems, 2) their stochastic nature offers high robustness and
should prevent them from getting stuck in local extrema, which increases the
likelihood of finding a global optimum, 3) they typically have the ability to find
multiple optimal solutions and design trade-offs (Pareto set), and 4) because they
typically operate on the basis of design point locations and objective function
values only, it is straightforward to combine them CFD models [53,95,96].

In CFD-optimization, the objective functions can be highly complex and their
characteristics are typically unknown a priori (black-box functions [97]). In ad-
dition, small numerical errors in the CFD evaluations can cause numerous false
local optima of the objective functions [98]. Therefore, due to their advantageous
features mentioned previously, stochastic optimization methods are considered
to be well suited for CFD-optimization.

One of the main drawbacks of the stochastic optimization methods is typically
considered to be their high computational cost in terms of the required objective
function evaluations [49]. However, several techniques for reducing the compu-
tational effort have been developed [53]. Surrogate modeling, which is one such
method, is discussed in Section 2.3.

2.2.1 Simulated Annealing

The simulated annealing (SA) method is a stochastic, single-objective opti-
mization algorithm [99–101]. In the SA approach, the concepts of annealing
temperature T, internal energy e(x), and state x are introduced, which typically
do not have any direct physical meaning in the application under consideration.
The state x corresponds to the design point vector and the internal energy e(x)
corresponds to the objective function value in Equation (2.18).

The SA algorithm is based on the concept of a system which tries to minimize
its internal energy. The algorithm is typically started from a random initial
state. Thereafter, a new candidate state x2 is generated by adding a small
deviation Δx to the current state x1. The system moves from x1 to x2 with a
probability of 1 if e(x2)< e(x1) and with a probability of p if e(x2)≥ e(x1). The
probability p depends on the internal energy difference Δe(x1, x2)= e(x2)− e(x1)
and the annealing temperature T. Therefore, worse states are accepted during
the search with a nonzero probability. The standard probability function is the
Boltzmann distribution

p = exp(
−Δe
Tk

) (2.20)
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where k is a constant scaling parameter. The annealing temperature T is a
decreasing function of iterations i, for example, by the expression [102]

T(i)= T0(1− i
imax

)α (2.21)

where T0 is the initial annealing temperature, imax is the maximum number of
iterations, and α is a constant for which typically used values are 1, 2, and 4.

2.2.2 Genetic Algorithm

The genetic algorithm (GA) is a stochastic, multi-objective optimization algo-
rithm inspired by the concepts of natural selection [103]. The GA maintains
a population of individuals (design points) during the optimization. The popu-
lation is evolved towards the Pareto-optimal set by the processes of selection,
crossover, and mutation applied based on the fitness values of the individuals.
Figure 2.2 shows the main steps in a standard GA.

Figure 2.2. Main steps in a standard genetic algorithm.

The individuals in a GA are typically represented with binary strings that
encode the design variables. Each design variable xi is represented by a binary
substring si, which are then concatenated together to form the complete binary
string s. The substring length b defines the resolution available for each design
variable, such that the number of intervals between the minimum and maximum
values is 2b −1. This results in a binary string such as

101011︸ ︷︷ ︸
x1

011011︸ ︷︷ ︸
x2

... 110001︸ ︷︷ ︸
xn

(2.22)

After the initial population of n individuals has been created (Figure 2.2),
usually with randomly generated design points, the main cycle of the GA is
started. The individuals are first evaluated, i.e., the objective and constraint
function values are calculated. Next, the evaluated function values are used
for assigning fitness values to the individuals, where fitness is a measure for
ranking the individuals against each other. Finally, the convergence condition is
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checked. If it is not satisfied, the genetic operators of selection, crossover and
mutation are applied to the population.

The selection operator is used for selecting the most suitable individuals in the
population to the mating pool. The crossover operator is applied to the mating
pool for the generation of new individuals. Pairs of individuals are repeatedly
selected from the mating pool and random portions of their binary strings are
exchanged with a crossover probability of pc. The resulting binary strings are
called offspring individuals. Next, the mutation operator is applied to all of the
individuals. It goes through the bits in the binary strings and changes them with
a mutation probability of pm. Then, a new population is assembled from the old
population and the offspring individuals. Finally, the algorithm continues from
the evaluation phase.

There exist numerous variants of the GA, which differ mainly in the imple-
mentation of the genetic operators, the assignment of the fitness values, and
the values utilized for the main parameters. Detailed descriptions of various
genetic algorithms, including comparisons between them, are given in Deb [89],
Konak et al. [104], and Zhou et al. [105].

2.3 Surrogate-based Analysis and Optimization

This section provides an introduction to surrogate-based analysis and optimiza-
tion (SBAO) and after this briefly presents the surrogate models that have been
used in this research. A direct combination of CFD modeling and optimization
is often computationally expensive or even unfeasible. This is because one CFD
simulation can take several hours or even days to converge and optimization
algorithms typically require hundreds or even thousands of objective function
evaluations for finding the global optimum solution. The SBAO process is an
effective approach for reducing the computational cost of CFD-optimization. In
the SBAO process, a fast surrogate model (e.g., a regression model), which has
been constructed using initial CFD evaluations, is used in the search phase of
the optimization algorithm instead of the full CFD model [54,106].

Figure 2.3 shows the main steps in the SBAO process and how the CFD model,
optimization algorithm, and surrogate model interact in the overall framework.
The main steps in the SBAO process are:

1. Initial sampling of the design space using the full model and constructing
the surrogate model.

2. Searching for a new design point for analysis using optimization and the
surrogate model.

3. Evaluating the new design point using the full model and adding it to
those previously evaluated.

4. If convergence has not been reached, return to the Step 2.

The purpose of the surrogate model is to estimate the functional relationships
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Figure 2.3. Surrogate-based analysis and optimization process. The main steps and the methods
used at each step are highlighted. The following abbreviations are used for the
methods: CFD (computational fluid dynamics model), OPT (optimization algorithm),
and SM (surrogate model). The dashed lines indicate information exchange.

in a set of data. Considering a set of data D = {(x1, y1), (x2, y2), ..., (xN , yN )} with
a single output response, where xn are the N inputs and yn are the N outputs,
most surrogate models assume that the functional relationship can be modeled
as a weighted sum of basis functions

y(x)=
I∑

i=1
βi zi(x)+ e (2.23)

where y(x) is the output function, βi are the basis function coefficients, zi(x)
are the chosen basis functions, e is an error term which is independent of x and
has a mean of zero, and I is the number of basis functions. Different choices
for the basis functions result in different types of surrogate models. Polynomial
basis functions, radial basis functions, support vector kernels, and Kriging basis
functions are among the typically used basis functions [107]. Different types of
artificial neural networks are also utilized as surrogate models [108].

The available data D is used to find the estimates for the basis function
coefficients β̂i and the values of the other parameters possibly utilized in the sur-
rogate model. The model can then be used to obtain values of the approximated
output function ŷ(x) at new input points x

ŷ(x)=
I∑

i=1
β̂i zi(x) (2.24)

2.3.1 Polynomial Basis Functions

Surrogate models based on polynomial basis functions are considered to be well
established, robust, and simple, and they do not involve additional parameters,
whose values could be difficult to estimate. When polynomials of a relatively low
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degree are used, the surrogate model can also prevent overfitting by smoothing
out numerical errors in the CFD evaluations [109].

The basis functions are polynomials of the design variables. For example, in
the case of two-dimensional input data, the basis functions are

zi(x1, x2) ∈ {
1, x1, x2, x2

1, x2
2, x1x2, x3

1, x3
2, x2

1x2, x1x2
2, ...

}
(2.25)

where the degree of the basis functions goes up to the chosen degree of the
model. The method of cross-validation can be utilized for selecting the basis
functions such that the generalization error of the model, including underfitting
and overfitting, is minimized [110].

Considering Equation (2.24), the least squares estimates for the basis function
coefficients β̂i can be solved from the following equation system

y= Zβ̂ (2.26)

where y is a vector containing the known output values yn, Z is a matrix
containing the basis functions zi(x) evaluated at the known input locations xn,
and β̂ is a vector containing the basis function coefficients β̂i.

2.3.2 Radial Basis Functions

Surrogate models based on radial basis functions are flexible and able to es-
timate highly non-linear functions [54, 111]. In fact, it has been shown that
they are capable of universal approximation [112]. However, radial basis func-
tion surrogate models are considered to be conceptually relatively simple and
straightforward to construct.

A radial function z is a function whose value depends only on the distance from
its center point c, i.e., z(x)= z(‖x− c‖), where the chosen norm is typically the
Euclidean distance. Several radial functions have been used as basis functions,
for example, linear, Gaussian, and inverse multiquadric functions [54].

The Gaussian function, which is typically utilized, results in the following
basis functions

zi(x)= exp(−‖x− ci‖2 /(2σ2)) (2.27)

where ci are the centers of the basis functions and σ is a width parameter. The
value of σ is typically chosen heuristically and the same value is used for all
of the basis functions [112, 113]. The locations of ci can be chosen in various
ways, for example, from among the available data points or from a regular array
covering the design space [113]. After the values of the parameters have been
selected, β̂i in Equation (2.24) can be solved from Equation (2.26).

There are several ways to select the number of basis functions. The simplest
way is to utilize the same number of basis functions as there are data points
available. However, this can lead to generalization error if the data contain
noise, e.g., numerical error. One method for reducing generalization error is
regularization [114], which can be implemented by adding a regularization
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parameter to the main diagonal of Z in Equation (2.26) [115]. Another method
is to reduce the number of basis functions, which explicitly limits the complexity
of the model. In this method, the number of basis functions can be determined
by cross-validation and their locations can be chosen such that the variation in
the dependent variable is minimized [113].
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3. Summaries of the Publications

The main scientific contribution of this thesis lies within the four accompanying
publications. Summaries of the publications are given below.

3.1 Publication I

In this publication, the topic was to study the effects of the furnace geometry
on the combustion performance. The problem was approached by formulating
a multi-objective optimization case. The furnace geometry was defined with
three variables: width, depth, and height. The combustion performance was
measured by eight objective functions and additional inequality constraints. The
multi-objective optimization case was solved by utilizing a furnace CFD model
coupled with a surrogate-based analysis and optimization framework consisting
of a genetic algorithm optimization method and a radial basis function surrogate
model.

As a result of the optimization, a set of Pareto-optimal geometries was obtained
(Figure 3.1a). Compared to the base design, it was seen that increasing the
furnace cross section (from 326 m2 to 404–497 m2) and decreasing the furnace
height (from 31.4 m to 28.8–30.5 m) was optimal with regard to the considered
objective functions. The corresponding optimal range was 2300–2800 kW/m2 in
the hearth heat release rate (HHRR) and 76-90 kW/m3 in the volumetric heat
input (VHI), which are parameters typically utilized in the dimensioning process
of furnaces.

One Pareto-optimal design was selected as an improved furnace design (Fig-
ure 3.1a). The chosen optimal design decreased the the CO content on the nose
level from 730 ppmw to 140 ppmw, the amount of black liquor landing on the
walls from 35% to 22%, and the regions of high CO content on the nose level from
9% to 2%. The performance in the other objective functions remained roughly
equal in comparison to the base design.

The CFD results were analyzed in detail to investigate the reasons for the
improved combustion performance (Figures 3.1b and 3.1c). The main reasons
were considered to be: 1) the decreased upward velocity profile, 2) the improved
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distribution of the organic char carbon landing in the furnace, and 3) the im-
proved mixing and combustion in the lower furnace. These three phenomena
were considered to be connected to each other but to result from the optimized
geometry of the furnace.

Figure 3.1. a) Objective function values for the Pareto-optimal designs, the base design, and the
chosen design. Each objective function ( f i) has its own vertical axis. Each polyline
corresponds to a different design point. b) Mean profiles of upward velocity and CO
content as functions of the upward coordinate. c) Contours of the organic char carbon
landing rate in the furnace. The isosurfaces where the CO content is 10 wt% indicate
the regions where a high amount of CO is present.
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3.2 Publication II

In this publication, the topic was to study the effects of the jet velocity and
number of jet openings on the performance of the secondary air jet system. In
addition, the effects of the brake jets and number of jet levels were studied.
The performance of the secondary air system was quantified in terms of mixing,
penetration, and uniformity of the vertical velocity field. The approach was to
utilize CFD modeling to systematically study numerous jet arrangements in a
simplified furnace geometry.

The numerical results indicated that increasing the jet velocity improves mix-
ing and decreases the uniformity of the vertical velocity field. Modifying the
spacing revealed several types of interaction behavior between the air jets. Ac-
cording to the results, three distinct regimes were formulated: 1) jet interaction
regime (spacing/depth≤ 0.20), 2) expansion regime (0.25≤ spacing/depth≤ 0.40),
and 3) full expansion regime (spacing/depth≥ 0.45). The results indicated that
an optimal air system should operate in the expansion regime. In this regime,
increasing spacing improves mixing and decreases the uniformity of the vertical
velocity field.

The optimal design of the secondary air jet system was seen to involve trade-
offs, since both mixing and uniformity of the vertical velocity field cannot be
optimized simultaneously (Figure 3.2a). The air system with seven interlaced
jets (N = 7) was identified in the considered case as the most effective air system.
In comparison to the other designs, this air system provided optimal performance
in both objectives over most of the investigated range of jet velocities. The results
indicated that the number of openings and the jet velocity should be chosen
such that the jets from the opposing walls can pass each other without major
interaction and that they do not hit the opposing walls aggressively (Figure 3.2c).

The simulation results provided numerical evidence indicating that when
brake jets or a second jet level are utilized, the mass flows through these openings
should be relatively small (Figure 3.2b). When the mass flows are too large, both
mixing and the uniformity of the vertical velocity field are decreased. On the
other hand, it was pointed out that the brake jets and the second jet level can
be utilized to adjust the penetration of the main jets and thus they can provide
flexibility in the furnace operation.
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Figure 3.2. a) Effects of the jet velocity and the number of openings on the standard deviations of
jet mass fraction and vertical velocity (1 m below the black liquor nozzles). b) Effects
of brake jets and a second jet level on the standard deviations of jet mass fraction
and vertical velocity (1 m below the black liquor nozzles). c) Effects of the number of
jet openings on the jet interaction and penetration.

3.3 Publication III

In this publication, the topic was to study the effects of the superheater region
geometry on the heat transfer performance of the superheaters. The problem
was approached by formulating a single-objective optimization case. The total
heat transfer rate to the superheaters was chosen as the objective function.
The geometry was parameterized with the three design variables which had
the largest impact on the objective function: depth of the nose, angle of the
roof, and the lower angle of the nose. An additional constraint function was
set for the final superheated steam temperature. The optimization case was
solved using a surrogate-based analysis and optimization framework consisting
of a simulated annealing optimization algorithm, a local polynomial regression
surrogate model, and a superheater region CFD model.

The CFD results were analyzed with a response surface method to study
the connection between the design variables and the heat transfer rate to the
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superheaters (Figure 3.3a). The heat transfer rate (objective function) and
the final superheated steam temperature (constraint function) were seen to be
clearly nonlinear with respect to the design variables. The analysis indicated
that the heat transfer rate is particularly sensitive to the depth of the nose. The
connection between the geometry and heat transfer was further quantified in
terms of the optimal design curve, by formulating a least-squares fit through
the optimal region (OR in Figure 3.3a).

The identified optimal design (design A) was compared in detail to another
promising design (design B) and to the base design (Figure 3.3b). Design A has
a larger depth of the nose and a smaller lower angle of the nose than the base
design. Conversely, design B has a smaller depth of the nose and a larger lower
angle of the nose than the base design. Both designs, A and B, have a clearly
higher angle of the roof than the base design. Compared to the base design,
the total heat transfer rate is 5% higher in design A and 3% higher in design
B. These improvements result mainly from the increased heat transfer rates to
superheater 3 (+31–33%) and superheater 4 (+9–19%).

The CFD results were analyzed in detail to explain the physical mechanisms
for the performance improvements and the linkage between the geometry, flow
field, and heat transfer (Figure 3.3c). The results indicated that designs A and
B substantially improve the uniformity of the flow field and thus increase the
heat transfer rate to the superheaters. In particular, it was concluded that the
key to increasing the heat transfer performance is to reduce the size of the flow
separation vortices through the geometrical design. The following key design
principles were identified: 1) Maximizing the angle of the roof is important for
reducing the size of the main flow separation vortices. 2) The geometrical design
of the nose (coupled selection of the design parameters) is essential for smoothly
guiding the flue gas flow through all of the superheaters.
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Figure 3.3. a) Second-order response surface fitted to the evaluated data. The optimal regions
(OR) show the regions of the highest heat transfer rate. b) Designs A and B in
comparison to the base design (red lines). c) Contours of temperature in the base
design and designs A and B. The relative change (compared to the base design) in
the heat transfer rate is shown for each superheater (SH).
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3.4 Publication IV

In this publication, the topic was to model the complex three-dimensional flow
and heat transfer phenomena in the superheater region. The selected approach
was to introduce a new three-dimensional CFD model, which includes the full ge-
ometry of the superheater region. In addition, two sets of previously unpublished
industrial full-scale temperature and flow field measurements were reported
from the recovery boiler superheater region. The results of the CFD model were
verified computationally and validated with the experimental data. The results
were utilized to study the three-dimensional flow and heat transfer phenomena
and to demonstrate the added-value of the three-dimensional results.

The average absolute difference between the modeled and measured values
was 20% in velocity magnitude, 15° in velocity direction, and 3% (set A) and
4% (set B) in temperature (Figure 3.4a). The profiles of the solved quantities
corresponded well to the measurements. Differences were observed mainly in the
vortex regions, which are challenging to both measure and model. The overall
match between the modeled and measured values was considered good and the
model validation successful. Due to the experimental uncertainty associated
with the challenging measurements, a perfect correspondence could not be
expected.

The main new results of the research were as follows (Figures 3.4b and 3.4c):
1) the observed three-dimensional vortex structures and their consequent impact
on the heat transfer, 2) the detailed heat flux solutions toward the furnace walls,
boiling surfaces, and superheaters, 3) the detailed analysis of the radiation
and convection heat transfer, and 4) the quantitative variation of the heat flux
profiles of the superheaters in the width direction.

These results were analyzed in detail to illustrate the added-value of the new
three-dimensional CFD model. First, the numerical results indicated that the
full three-dimensional representation of the superheaters in the CFD model
is important for an accurate solution of the flow field and also for an accurate
solution of both convective and radiative heat transfer. Second, it was observed
that the heat flux can be substantially higher (even over 90%) to the platens
in the central region than to the platens close to the side walls. Third, the
fouling behavior of the ash was considered to be closely connected to the three-
dimensional flow and temperature field solutions.
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Figure 3.4. a) Simulated streamlines of velocity. Solved (not in parentheses) and measured (in
parentheses) values are shown at each measurement location. b) Three-dimensional
vortex structures identified via the Q-criterion method and heat flux toward the boiler
walls. c) Total heat flux and radiation heat flux profiles of the first two superheaters
(2 and 3) in the width direction of the boiler.
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4. Conclusion

4.1 Summary and Scientific Contributions

The objective of this thesis was to utilize state-of-the-art CFD modeling and
optimization methods to bring new understanding to the complex physical
and chemical processes inside recovery boilers. In this thesis, the effects of
various design choices on these processes were systematically and quantitatively
investigated for the first time. The thesis was motivated in part by the continuing
need to develop even larger, higher-capacity, and more energy efficient recovery
boilers than what exist at present.

In Publication I, surrogate-based optimization and CFD modeling were com-
bined to understand and quantify the connection between the furnace dimen-
sions and combustion processes. In Publication II, a highly systematic CFD
study was performed to both quantitatively and qualitatively understand the
effects of typical design choices regarding the secondary air system on the mix-
ing, penetration, and uniformity of the vertical velocity field. In Publication III,
surrogate-based optimization and CFD modeling were integrated to analyze and
quantify the linkage between the geometry, flow field, and heat transfer in the
superheater region. In Publication IV, a new fully three-dimensional CFD model
was developed and utilized to improve the understanding of the complex three-
dimensional flow and heat transfer phenomena in the superheater region. Two
sets of industrial full-scale measurements were reported from the the recovery
boiler superheater region and utilized to validate the simulation results.

In this thesis, large design spaces comprising of a multitude of different design
configurations, which are typical in industrial applications, were studied with
numerous CFD simulations. Optimization methods were utilized to guide the
search into the most promising regions from the point of view of the objective
functions. It is considered that this method resulted in particular new value in
comparison to the traditional method where typically only a handful of numerical
simulations are analyzed in detail. Especially, the functional relationships
between the design variables and objective functions could be studied on a
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completely new level. To the author’s knowledge, the combination of CFD and
mathematical optimization was utilized in the present thesis for the first time
in the context of recovery boilers. It is also worth noting that there exist only
few similar research studies even in the broader field of large-scale combustion
applications.

The main added-value of this thesis is considered to consist of the following
factors. Primarily, it is one of the first extensive numerical studies into the
internal processes of recovery boilers. Significant new knowledge was obtained
in the following areas: 1) geometrical design of the furnace, 2) geometrical
design of the superheater region, and 3) design of the combustion air system.
In addition, an exceptional validation study was done between the numerical
simulations and experiments in the superheater region. Finally, substantial new
knowledge was obtained concerning the utilization of optimization methods in
the context of recovery boilers and similar very large-scale applications. This
thesis paves the way for significant new possibilities in the CFD modeling and
optimization of very-large scale applications.

4.2 Limitations and Future Directions

Considering the present thesis, certain limitations can be identified. Regarding
the CFD simulations, the main limitation is considered to be that the steady-
state RANS method was used. This method does not resolve turbulence or
possible time-dependent behavior in the solution. Instead, these effects are
taken into account with a turbulence model. It was necessary to utilize the
RANS method due to the very large scale of the application and the associated
high computational cost of the simulations. Without the use of the RANS method,
optimization would not have been computationally feasible in this application,
even with the best computers available at present.

Regarding optimization, the main limitation is considered to be connected to
the computational efficiency. Because the objective function evaluations are
obtained through computationally expensive CFD simulations, the optimization
problem can be viewed as a trade-off between the accuracy of the optimal
solution and the overall computational cost. Therefore, computational efficiency
is one of the main factors defining the accuracy of the optimal solution. In the
present thesis, surrogate modeling was utilized to significantly improve the
computational efficiency. However, these issues were not considered explicitly
during the construction of the surrogate models.

Another limitation, which concerns optimization in general, is that the solu-
tions obtained are necessarily affected by the chosen objective functions, con-
straint functions, and design variables. Therefore, optimal solutions are only
searched for with respect to the defined problem. In addition, in the design
of recovery boilers and similar complex engineering applications, there can be
practical limitations which affect the applicability of the optimized solutions.
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Such limitations can be, for example, cost, mechanical issues, and physical space
available.

The following directions of future research are identified. First, as an improve-
ment to the RANS method, the use of large-eddy simulation (LES) method is
suggested. In LES, fluid flow is solved time-accurately and the large scales of
turbulence are resolved. The LES method has not been used before to study
recovery boilers and thus it can provide a substantial amount of new information.
The computational cost of LES is significantly higher in comparison to the RANS
method, but LES is becoming more and more feasible with the development of
the computational power of new computers.

Second, optimization with computationally expensive CFD models is con-
sidered to be an interesting, broader topic of future research. In this area,
developments in surrogate modeling, in particular, are considered to be highly
important. Interesting future questions are, for example, how to construct an
accurate and representative surrogate model with as few evaluations as possible
and how to ensure that the optimization via surrogate modeling converges to the
optimum of the true objective function. Regarding particular methods, Kriging
and its variants are considered to be of interest, since they offer the possibility
for the minimization of the estimated prediction error during the optimization.

Third, the CFD-based optimization methods presented in this thesis could also
be applied to other elements of recovery boilers, such as the black liquor spraying
system. The framework could also be applicable to other types of large-scale
combustion applications, such as industrial boilers or utility boilers. Therefore,
the potential for optimization via such methods is extensive.

Finally, because one of the specific objectives of this thesis was to study which
methods would be the most suitable for CFD-based optimization of large-scale
applications, the following guidelines can be given for future research. The
surrogate-based optimization approach is considered to be a good overall frame-
work, mainly due to its computational efficiency. In this framework, the construc-
tion of the surrogate model is considered to be the main factor of importance,
because it provides the objective function for the optimization algorithm. The
surrogate model should be flexible, to capture the possibly highly non-linear
shape of the objective function, but also robust, to prevent overfitting due to nu-
merical errors in the CFD solutions. Regularization and local training methods,
for example, are considered to be suitable alternatives for taking these issues
into account. Another issue of importance related to the surrogate model is
the initial sampling of the design space, which should be carefully considered
such that a reliable global approximation is obtained before the beginning of the
optimization. Regarding optimization methods, it is considered that several dif-
ferent algorithms can be utilized. In particular, stochastic optimization methods
are considered to be suitable, because their computational requirements are not
an issue when a surrogate model is used.
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